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Abstract A method for estimating gross primary production (GPP) is presented and validated against a
numerical model of Chesapeake Bay that includes realistic physical and biological forcing. The method
statistically ﬁts a photosynthesis-irradiance response curve using the observed near-surface time rate of
change of dissolved oxygen and the incoming solar radiation, yielding estimates of the light-saturated
photosynthetic rate and the initial slope of the photosynthesis-irradiance response curve. This allows
estimation of GPP with 15-day temporal resolution. The method is applied to the output from a numerical
model that has high skill at reproducing both surface and near-bottom dissolved oxygen variations observed
in Chesapeake Bay in 2013. The rate of GPP predicted by the numerical model is known, as are the
contributions from physical processes, allowing the proposed diel method to be rigorously assessed. At
locations throughout the main stem of the Bay, the method accurately extracts the underlying rate of GPP,
including pronounced seasonal variability and spatial variability. Errors associated with the method are
primarily the result of contributions by the divergence in turbulent oxygen ﬂux, which changes sign over the
surface mixed layer. As a result, there is an optimal vertical location with minimal bias where application of
the method is most accurate.
Plain Language Summary This paper presents and evaluates a method for estimating gross
primary production from time variations of dissolved oxygen. The evaluation is performed on the output
from a three-dimensional circulation model of Chesapeake Bay that can simulate dissolved oxygen with
high skill.
1. Introduction
For nearly seven decades, researchers have sought to make estimates of primary production from diel
changes in dissolved oxygen (DO) concentration in aquatic and marine ecosystems (e.g., Staehr et al.,
2012). A speciﬁc goal of this line of research has been to quantify the net ecosystem metabolism (NEM).
NEM is typically represented as the sum of the gross primary production (GPP) and the community respira-
tion (CR). While GPP represents the autotrophic conversion of inorganic to organic carbon, CR includes the
oxidation of organic carbon by both heterotrophic and autotrophic organisms. Although these rates are
quantiﬁed in terms of production and consumption of carbon, some methods have focused on the fate of
oxygen, which is more easily measured with in situ instruments.
The most commonly employed methods for measuring GPP rely on bottle incubations. These techniques are
time intensive and not conducive to automated methods using in situ instruments, which often limits their
temporal resolution. Additionally, there are a number of known issues with bottle incubation methods
(e.g., Marra, 2009). For instance, it is well established that the 14C-CO2 method can result in underestimates
of GPP because some of the introduced 14C is respired during the incubation (Bender et al., 1987;
Peterson, 1980). Even short incubations (2–3 hr) can result in underestimates of GPP by an order of magni-
tude (Cole et al., 1992; Howarth et al., 1996; Milligan et al., 2015). Incubations in bottles eliminate turbulence
so that they do not accurately represent the natural light environment (Lewis, 1988; Richey et al., 1990) or the
vertical ﬂuxes of nutrients.
In order to avoid these bottle effects, the open-water diel method has been used in a number of environ-
ments. This technique, which quantiﬁes diel oxygen variations, has a long history of use (Odum, 1956). The
application of this method has primarily been in lakes where weak currents and horizontal gradients limit
the inﬂuence of horizontal advection (e.g., Staehr & Sand-Jensen, 2007). Changes in oxygen concentration
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caused by vertical mixing also must be accounted for. Typically, this is done by assuming that the vertical ﬂux
divergence at the measurement location can be quantiﬁed from an estimate of the atmospheric gas ﬂux
(Fsurf) divided by the surface mixed-layer depth (zmix; e.g., Cole et al., 2000).
Attempts to employ the diel O2 approach to measuring GPP in estuaries have illustrated some of the difﬁcul-
ties associated with this approach (Kemp & Boynton, 1980; Howarth et al., 1992; Swaney et al., 1999). Despite
some of these difﬁculties, in situ diel O2 measurements have a number of advantages over bottle incubations
because they sample the natural environment without altering the light, turbulence, or other potentially
important natural processes. Improvements in sensor technology have dramatically improved our ability to
measure DO in situ. These new sensors enable nearly continuous measurements of DO over deployments
lasting many months.
The combination of high-quality continuous DO measurements collected at ocean observatories with open-
water diel techniques represents a powerful opportunity to make estimates of GPP with unprecedented tem-
poral resolution. Given the scientiﬁc community’s increasing reliance on numerical models to study biogeo-
chemical processes, continuous and accurate in situ estimates of GPP could allow a much more rigorous skill
assessment of thesemodels against the fundamental biological rates they simulate. Too often, the skill of bio-
geochemical models is assessed through comparison with DO data (Irby et al., 2016). However, as Scully
(2013, 2016a) demonstrates, even a model with no biogeochemical variability can reasonably simulate DO
in an estuary that experiences hypoxia because of the dominant role that physical processes play in modu-
lating DO. Thus, a model with high skill at simulating DOmay be a very poor representation of the underlying
biological dynamics.
In this paper a diel method for estimating GPP from hourly in situ observations of near-surface DO is pre-
sented. As detailed below, the method uses a statistical relationship between incoming solar radiation and
the time rate of change of DO to estimate GPP. The primary goal of this paper is to assess the accuracy of
the method by applying it to the output from a coupled three-dimensional circulation-biogeochemical
model that reasonably simulates both biological oxygen production/consumption and physical variations
caused by advection and vertical mixing. The formulations for GPP and CR used in the numerical model
are derived in a companion analysis (Scully, 2018) of 7 years of hourly near-surface DO data collected through
the Chesapeake Bay Interpretive Buoy System. The proposed diel method is applied to the model output of
hourly near-surface DO to assess its ability to accurately estimate the rate of GPP used in the model. Unlike
previous attempts to evaluate diel techniques, which have relied on simpliﬁed models that do not consider
the complete three-dimensional contributions of advection and mixing (Cox et al., 2015), the evaluation pre-
sented here employs a three-dimensional circulation model with realistic atmospheric, tidal, and riverine for-
cing. The proposed method is presented in section 2, and the numerical model is described in section 3. A
quantitative analysis of the accuracy of the method is present in section 4 and discussed in section 5, and
conclusions are presented in section 6.
2. Proposed Diel Method
The diel oxygen technique has been employed since the late 1940s (Sargent & Austin, 1949) and used in a
variety of aquatic ecosystems, including Chesapeake Bay (Kemp & Boynton, 1980). The technique is based
on the equation for conservation of DO:
∂O2
∂t
¼ GPP CR ui∇O2 þ ∂∂z Kz
∂O2
∂z
(1)
where the time rate of change of DO concentration (term on left-hand side) is controlled by both biological
and physical processes. GPP and CR represent the biological sources and sinks, respectively. Gradients in the
advective and vertical turbulent ﬂuxes are the third and fourth terms on the right-hand side of equation (1),
respectively. Here an eddy diffusivity (Kz) and the down-gradient assumption are used to represent the ver-
tical turbulent ﬂux of oxygen. Equation (1) can be written as
∂O2
∂t
¼ GPPþ ΔO2 (2)
where the combined contributions of advection, mixing, and CR are all lumped together in one term (ΔO2).
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Here the convention is that negative values of ΔO2 decrease ∂O2/∂t. During the nighttime hours when there
is no solar radiation, this simpliﬁes to
∂bO2
∂t
¼ ΔbO2 (3)
where the hat is used to denote conditions with no incoming light.
In the application of the diel oxygen technique in lakes, the contribution of advection is often assumed to be
negligible (Staehr et al., 2010). However, this is not always a good assumption in estuarine environments
(Beck et al., 2015; Cox et al., 2015; Howarth et al., 1992; Kemp & Boynton, 1980). In many applications, the con-
tribution of the vertical ﬂux divergence is simply estimated as Fsurf/zmix (Cole et al., 2000). This approach
requires that oxygen is well mixed throughout a surface layer of known depth, assumes that there is no ver-
tical ﬂux at the base of this layer, and requires an accurate estimate of the gas transfer velocity. While meth-
ods that deal with the contribution of horizontal advection have been proposed (Howarth et al., 1992;
Swaney et al., 1999), these methods require data from multiple stations with appropriate spacing. An alter-
nate method for making estimates of GPP from a single ﬁxed near-surface sensor is proposed below. It is
important to note that the method proposed in this paper provides volumetric rates (e.g., gO2·m
3·day1)
of GPP and assumptions about its vertical distribution must be made in order to convert these estimates
to the more commonly reported depth-integrated values (e.g., gO2·m
2·day1). Similar assumptions are
required when estimating GPP from bottle incubations. Furthermore, the diel method presented here does
not provide accurate estimates of CR and hence does not attempt to quantify the NEM.
The method is based upon the fact that the rate of GPP is expected to vary as a function of incoming solar
radiation (E). There are numerous proposed formulations for the relationship between primary productivity
per unit chlorophyll biomass (PB) and E (e.g., Jassby & Platt, 1976). While nearly all of the proposed formula-
tions are functionally very similar, Jassby and Platt (1976) found the following relationship to be themost con-
sistently useful mathematical representation of the data:
PB ¼ PBm tanh
αBE
PBm
 !
(4)
where PBm is the maximum photosynthetic rate and α
B is the linear slope of the photosynthesis-irradiance
response (PE) curve under light-limited conditions. Here the superscript B indicates values that have been
normalized by the chlorophyll-a concentration. Directly quantifying the PE curve using diel oxygen variations
is complicated by uncertainties in both the photosynthetic quotient (O2:C; e.g., Laws, 1991) and the
chlorophyll-to-carbon ratio (e.g., Cloern et al., 1995). To avoid these uncertainties here, GPP is quantiﬁed
strictly in terms of oxygen and estimates of the PE curve are not normalized by chlorophyll concentration.
Consistent with the traditional notation, we drop the superscript B to denote non-normalized value (e.g.,
Pm = mmolO2·m
3·s). With these simpliﬁcations, equation (1) can be recast as
∂O2
∂t
¼ Pm tanh αEPm
 
þ ΔO2 (5)
where ΔO2 is simply a constant that represents the contributions from physical transport and biological con-
sumption (e.g., CR). To apply the proposedmethod, the value ofΔO2 in equation (5) is estimated by averaging
the time rate of change of DO during periods when E = 0. This assumes that ΔO2 ~ ΔbO2. The observed time
rate of change of oxygen is next ﬁt to equation (5) using the estimated value of ΔbO2 and measurements of
surface irradiance (E0) using a two-parameter least squares regression, providing estimates of both Pm and
α. This procedure is essentially the same as ﬁtting techniques that provide similar estimates of these para-
meters from bottle incubations (Gallegos, 2012). In this approach, Pm and α are the only two free parameters
with α determining the initial slope of the curve and the ratio Pm/α determining the value of irradiance where
light-saturated photosynthesis begins.
The method is applied to 15 days of hourly data. As will be discussed below, this interval is selected to mini-
mize the correlation between tidal processes (primarily semidiurnal) with incoming solar radiation (diurnal).
As a result, the parameters of the PE curve are estimated with 15-day temporal resolution. GPP is estimated by
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applying the PE curve estimates to the hourly estimates of light availability. Thus, even though the temporal
resolution of the PE curve is 15 days, higher-frequency variability in GPP is predicted due to the hourly varia-
bility in irradiance. Temporally averaged values of GPP are calculated from these hourly estimates in order to
avoid potential errors associated with nonlinearities with the assumed form of the PE curve. Anticipating
applying the method to observations where subsurface light data are not available, the method is applied
using the surface irradiance, unless otherwise noted. These estimates are compared to similar estimates
obtained using the observed subsurface light in section 4.2.
3. Numerical Model Description
A primary goal of this paper is to apply the proposed diel method to the output from a three-dimensional
numerical model to assess how well the proposed method can estimate the known rate of GPP that is used
in the model. The hydrodynamic model is based on the Chesapeake Bay Regional Ocean Modeling System
(ROMS) Community Model (ChesROMS; Xu et al., 2012) and is identical to that used by Scully (2013,
2016a). The forcing for the hydrodynamic model includes realistic tidal and subtidal forcing, observed fresh-
water inputs, and atmospheric forcing (shortwave solar radiation, longwave radiation, rainfall, surface air
humidity, pressure, temperature, and 10-m winds) derived from the North American Regional Reanalysis
(NARR) model. The overall approach is to use the simplest model that can adequately capture the dominant
processes that modulate DO in Chesapeake Bay. Unlike previous efforts, which have focused on isolating the
role of physical processes (e.g., Scully, 2013), here a more realistic approach is used that includes analytical
formulations for GPP and CR. These formulations are based on an analysis of high-frequency observational
data in order to capture the dominant temporal and spatial variations in oxygen observed in Chesapeake
Bay (Scully, 2018).
Consistent with equation (4), GPP is modeled as
GPP ¼ Pm tanh αEPm
 
(6)
Modeled values of Pm vary in both time and space:
Pm ¼ ΨS3:5104 exp 0:09T0½  (7)
based on the local surface water temperature (T0) and via an empirical function Ψs:
Ψs ¼ 2:4 1:6 tanh S0  12ð Þ4
 
(8)
where S0 is the local, time-varying surface salinity. The exponential dependence of Pm on temperature is con-
sistent with other observations from the Chesapeake Bay region (Gallegos, 2012) and the spatial variations
driven byΨs ensure higher productivity in the upper Bay with lower levels in the lower Bay driven by nutrient
limitation (Harding et al., 1986; Malone et al., 1996). The ratio Pm/α sets the irradiance where photosynthesis
becomes light saturated (Ek). Based on the analysis of the 7 years of near-surface oxygen data (Scully, 2018),
we impose a simple linear relationship between the local surface temperature and Ek:
Ek ¼ Pmα ¼ 4:9T0 þ 30 (9)
This allows the saturating irradiance to vary in a manner consistent with the analysis of the surface oxygen
data and results in a roughly linear relationship between Pm and α, consistent with other studies from
Chesapeake Bay (e.g., Harding et al., 1986). The available light at any vertical location z is assumed to vary
exponentially:
E ¼ 0:43E0 exp Kdz½  (10)
where Kd is the light attenuation coefﬁcient and E0 is the surface irradiance, which is set by the downwelling
shortwave radiation from the atmospheric forcing. The factor 0.43 converts the downwelling shortwave
radiation to photosynthetically active radiation (PAR; Fennel et al., 2006). Previous work in Chesapeake Bay
10.1029/2018JC014178Journal of Geophysical Research: Oceans
SCULLY 8414
has demonstrated that light is attenuated by a number of constituents in the water column including total
suspended solids (TSSs), chlorophyll, and chromophoric dissolved organic material (Kirk, 1994). Higher values
of chromophoric dissolved organic material are found in low-salinity waters, and their inﬂuence on light
attenuation is often parameterized in terms of salinity (Xu et al., 2005). Accurately modeling TSS is a complex
and challenging endeavor involving a number of poorly constrained processes. We take a simplistic approach
here, generally consistent with previous work in Chesapeake Bay, and model the light attenuation based on
the surface salinity (S0):
Kd ¼ 0:8þ 2:2 exp 0:18S0½  (11)
In this formulation, light attenuation has a stronger dependence on salinity than previous relationships (Feng
et al., 2015; Xu et al., 2005) because TSS is not modeled and we attempt to capture the fact that higher values
of TSS are generally observed in the lower-salinity regions near the estuarine turbidity maximum.
Finally, a simple Gaussian formulation for temporal variations in CR is used:
CR ¼ ΨS2:2104 exp  days 195ð Þ
2
10; 000
" #
(12)
where “days” are the number of days since the beginning of the year. In time, this function peaks in mid-July
(day = 195) and has the same spatial variability (Ψs) as Pm. The coefﬁcient 2.2 × 10
4 was simply selected so
that the spatially and annually averaged NEM is zero, consistent with an ecosystem where there is an exact
balance between autotrophic and heterotrophic processes. Varying this value allows the model to easily shift
between net heterotrophy and net autotrophy.
With this formulation, the model accounts for rates of GPP and CR that vary in both time and space (horizon-
tally and vertically) consistent with observations from Chesapeake Bay. Tidal and wind-driven currents pre-
dicted by the circulation model interact with the spatial variations in the resulting oxygen ﬁeld to provide
a plausible representation of horizontal advection. Similarly, realistic contributions due to vertical mixing
are simulated using the k-omega turbulence closure model with the stability functions of Kantha and
Clayson (1994) and atmospheric gas exchange based on the wind speed-dependent formulation of
Wanninkhof (2014). Obviously, the model is not a perfect representation of nature, but with these formula-
tions it provides a reasonable representation of the contribution of both horizontal advection and vertical
mixing on the DO dynamics.
4. Results
4.1. Model-Data Comparison
Before proceeding, it is worthwhile to demonstrate that this simpliﬁed model can reasonably simulate both
temporal and spatial variations in DO in Chesapeake Bay. The model is compared to the surface data col-
lected at the seven main stem Chesapeake Bay Interpretive Buoy System (CBIBS) locations (Figure 1) during
2013 and to the bottom oxygen data presented in Scully (2016b). The model has reasonable skill at simulat-
ing surface oxygen at all seven CBIBS locations (Figure 2 and Table 1). The model is biased low at the four
central locations and biased high at the northern and southern limits, but overall these biases are small.
An example of the model performance at the Annapolis buoy location over a 6-week period during summer
demonstrates that the model captures the clear diurnal variability during this period, as well as some of the
lower-frequency variations driven by variations in incoming solar radiation and physical mixing (Figure 3).
The model captures the spatial variability in the magnitude of diurnal variability in a manner consistent with
the observations (Table 1). The diurnal variability in the data decreases by roughly an order of magnitude
from Patapsco to First Landing, and the model captures this strong decrease in diurnal variability moving
down Bay.
The bottom oxygen data of Scully (2016b) do not resolve the full year but capture the onset of hypoxia in the
spring and the subsequent ventilation in the fall. The model captures both the seasonal progression of bot-
tom oxygen and some of the higher-frequency variability (Figure 4), and the model skill at all four bottom
locations is high (Table 2). Previous work has demonstrated that a model with no biological variability can
reasonably capture the seasonal cycle of hypoxia in Chesapeake Bay (Scully, 2013), demonstrating the ﬁrst-
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order control that physical processes play in controlling bottom oxygen
dynamics. Here the inclusion of seasonal variations in oxygen production
requires that the consumption of oxygen (CR) also vary seasonally in order
to predict bottom oxygen with skill (equation (12)). It is important to note
that capturing the strong vertical gradients in oxygen is necessary to
accurately assess the importance of vertical mixing on variations of near-
surface oxygen concentration.
4.2. Diel Method Evaluation
Having established the model’s skill, the ability of the proposed method to
quantify the underlying rate of GPP is evaluated next. The rate of GPP in
the model is known, and we assume that the ﬁrst-order inﬂuences of phy-
sical mixing and advection on the time variations of oxygen are reasonably
captured. The primary goal is to assess if the proposed method can accu-
rately quantify the local volumetric rate of GPP (gO2·m
3·s1), as well as
the underlying parameters of the PE curve (Pm and α), which can be used
in conjunction with the depth of the surface mixed layer and vertical dis-
tribution of light to compute the more commonly reported depth-
integrated values.
Estimates of GPP are compared for all seven of the CBIBS locations in the
model for 2013 (Figure 5). The diel estimates are calculated from the mod-
eled oxygen concentration at z ~ 1 ±0.23 m. Both the diel estimate and
numerical model’s GPP have been smoothed with 15-day boxcar ﬁlter to
remove the diurnal variability caused by the daily cycle of irradiance.
Plotted this way, the dominant variability is seasonal, which is well cap-
tured by the method. At all locations other than the Susquehanna buoy,
the method predicts GPP with high skill and low bias (Table 3). Excluding
the Susquehanna buoy, the Wilmott (1981) skill exceeds 0.92 at all buoys
and the bias is less than 20%. At the Susquehanna buoy, the estimate of
GPP is roughly a factor of 2 larger than the rate in the numerical model
and the skill is much lower than the other locations (0.60).
The method was applied using the incoming solar radiation at the surface
(E0) and not the local in situ light predicted by the model via equation (10).
In the model, the light varies vertically as dictated by the attenuation coef-
ﬁcient, which varies both spatially and in time via equation (11). Applying
themethod using the actual water column value of light (E), accounting for
both the spatial and temporal variations in Kd, does not change the skill of
the method in any appreciable way (Table 3). Using E0 instead of E does
reduce the inferred value of α, but these differences have no appreciable inﬂuence on the estimates of
GPP due to the compensatory effect of the higher (nonattenuated) assumed value of PAR. This suggests that
the method can be accurately applied to observing system data to estimate volumetric rates of GPP, when
water column light attenuation is not measured, if a reasonable estimate of the surface irradiance can
be obtained.
As will be discussed in detail below, there is an optimal vertical location where the method most accurately
estimates the GPP. At this location, the method not only estimates GPP but also predicts the underlying vari-
ables of the PE curve with reasonable skill (Table 3). If we assume that the value of Kd is known (or measured),
we can compute the vertically integrated production using measured surface irradiance combined with the
estimates of Pm and α. Estimates of Pm are predicted with reasonable skill but are biased low at all seven loca-
tions (Table 3). Estimates of α have similar skill and are biased high, but the magnitude of the bias is reduced
compared to Pm, except at the two northernmost locations. Even though the overall skill at predicting Pm and
α is reduced compared to their combined effect on GPP (table), vertically integrated production is simulated
with high skill (>0.94) at all seven CBIBS locations (Table 4). It is worth noting that the bias in the vertically
Figure 1. Model bathymetry with the locations of the CBIBS surface buoys
(stars) and bottom oxygen measurements of Scully (2016b) (circles).
CBIBS = Chesapeake Bay Interpretive Buoy System; Susq. = Susquehanna;
Patap. = Patapsco; Annap. = Annapolis; BB = Bay Bridge; GR = Goose’s Reef;
MB = Mid Bay; PNP = Point No Point; Pot. = Potomac; SP = Smith Point;
SRP = Stingray Point; FL = First Landing.
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integrated estimates of GPP at the Susquehanna location is reduced considerably compared to the bias in the
volumetric rate at this location despite the relatively low skill at predicting the PE curve. At this location,
integrated GPP is predicted with high skill even though the vertical structure is poorly predicted,
consistent with compensatory errors in Pm and α. These estimates of integrated GPP ignore the role that
changes in the surface mixed layer have on the light that the phytoplankton experience, which is
equivalent to assuming that the photic depth is always shallower than the surface mixed-layer depth. This
is clearly a simpliﬁcation, but it is consistent with how GPP is accounted for in most biogeochemical models.
This analysis has focused on the locations in the model that coincide with the CBIBS buoy locations. We next
extend the analysis to the entire model domain. Figure 6 compares the rate of GPP in the numerical model to
Figure 2. Comparison of surface oxygen concentration measured at the CBIBS buoys (black line) with the model simulation
(gray line) for 2013. CBIBS = Chesapeake Bay Interpretive Buoy System.
Table 1
Skill Assessment of Modeled Surface Oxygen Concentration for 2013 at the Seven CBIBS Buoy Locations Including Wilmott
(1981) Skill, Normalized Mean Bias, and Comparison of the Observed and Modeled Diurnal Variance in Surface Oxygen
Calculated From Band-Pass-Filtered Data
Location Wilmott score
Normalized
mean bias
Diurnal variance
(data) [mMO2/m
3]2
Diurnal variance
(model) [mMO2/m
3]2
Susquehanna 0.91 0.03 69.1 96.1
Patapsco 0.89 0.09 455.1 416.3
Annapolis 0.90 0.08 280.0 377.4
Goose’s Reef 0.84 0.13 209.2 145.1
Potomac 0.93 0.02 62.5 103.0
Stingray Point 0.94 0.03 80.1 53.1
First Landing 0.92 0.07 35.4 36.2
Note. Pass band of 1/20 and 1/28 hr1. Wilmott skill for a model variable Xwithmean<X> is deﬁned as follows: Skill ¼ 1
 ∑ XmodXobsj j2
∑ XmodXobsj jþ XobsXobsj j½ 2. CBIBS = Chesapeake Bay Interpretive Buoy System.
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the inferred rate obtained by applying the diel method to the modeled time rate of change of oxygen at
every location in the model domain at a depth of z ~ 1 m. This analysis allows us to evaluate the method’s
ability to estimate spatial variations in GPP, as well as how well the method captures temporal variations at
different locations throughout the Bay. As with the analysis at the CBIBS locations, the Bay-wide skill does
not change appreciably if the surface irradiance is used instead of the locally attenuated value. A comparison
of the annually averaged GPP demonstrates that the method extracts spatial patterns that are generally con-
sistent with the spatial distribution in the numerical model (Table 5). Overall, the estimated rates of GPP are
biased low by 6%, but there are regions where the volumetric rate GPP is signiﬁcantly overestimated, speci-
ﬁcally the shallow upper-Bay region north of 39.3°N (Figure 7a). Consistent with the analysis at the
Susquehanna buoy location, even when the volumetric rate is overestimated, the vertically integrated value
Figure 3. Detailed model-data comparison of surface oxygen percent saturation at the Annapolis buoy location for
summer 2013. There is good agreement between the observations (black line) and themodel (gray line) at both diurnal and
lower frequency.
Figure 4. Comparison of bottom oxygen concentration measured by Scully (2016b) at four deep channel locations (black
line) with the model simulation (gray line) for 2013. Model captures seasonal cycle of hypoxia as well as some of the
higher-frequency variability with high skill.
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compares favorably (Figure 7b). The large errors in the volumetric rate in
the low-salinity upper-Bay regions occur where the surface mixed layer is
deeper than the euphotic zone (Figure 7c). Errors in both the volumetric
and vertically integrated rates are small over most of middle and lower
Bay, and the overall along-Bay variation in GPP is well represented. The skill
of the method at capturing temporal (mainly seasonal) variations at any
location within the domain is generally high, indicating that the method
can reasonably predict the underlying seasonal variability at most loca-
tions (Table 5).
Using the water column value of irradiance allows for a quantitative comparison between the estimated and
“real” values of the PE curve. With the exception of the low-salinity region north of 39.3°N, the method
extracts both α and Pm with reasonable skill, including both spatial and temporal variability (Figure 8 and
Table 3). In the low-salinity upper Bay where the surfacemixed layer is deeper than the euphotic depth, errors
in α are large (data not shown), but in the rest of the Bay, α is predicted with reasonable accuracy. Pm is under-
predicted, but given the light-limited nature of GPP that is simulated, the ability to predict GPP is controlled
by α to a much greater extent than by Pm.
5. Discussion
Given the spatial complexity in the oxygen ﬁeld driven by both biological and physical processes, it is worth
demonstrating why the inferred GPP from the diel method has high skill and low bias, even though advection
and mixing signiﬁcantly impact the observed time rate of change of oxygen. To illustrate this more clearly,
Table 2
Skill Assessment of Modeled Bottom Oxygen Concentration for 2013
Compared to the Data of Scully (2016b)
Location Wilmott score Normalized mean bias
Bay Bridge 0.87 0.14
Mid Bay 0.85 0.38
Point No Point 0.94 0.00
Smith Point 0.90 0.03
Figure 5. Comparison of volumetric rate of GPP from the numerical model (black line) with the diel estimate based on the
time rate of change of oxygen at z ~ 1.0 m (gray line) for all seven CBIBS buoy locations. Both GPP and the diel estimate
have been smoothed with a running 15-day ﬁlter to remove diurnal variability and to match the temporal resolution of the
diel estimate of the PE curve parameters. The method has high skill and low bias at all locations other than the
Susquehanna buoy. GPP = gross primary production; CBIBS = Chesapeake Bay Interpretive Buoy System;
PE = photosynthesis-irradiance response.
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near-surface model output from the Goose’s Reef buoy location is analyzed. The oxygen balance (equa-
tion (1)) is evaluated at a variety of time scales to help show why the proposed method can reasonably esti-
mate the underlying rate of GPP. To begin with, a 15-day period in July is analyzed and the terms in the
oxygen balance at z ~ 1 m are averaged as a function of the M2 tidal phase (Figure 9a). Averaged in this
way, ∂O2/∂t is strongly correlated with the advective term. Oxygen concentrations generally decrease during
the ﬂood tide and increase during the ebb, consistent with lower surface oxygen concentration down Bay
from this location in the model. Over this 15-day period, neither the primary production nor the divergence
in vertical ﬂux (mixing term) exhibits signiﬁcant semidiurnal variability, and these two terms are roughly
equal and opposite.
The data are averaged next as a function of the hour of the day in order to highlight the diurnal variability
(Figure 9b). Averaged in this way, the time rate of change of oxygen and primary production have a strong
positive correlation. Advection and mixing are both negative, on average, and exhibit little diurnal variability.
The weak diurnal variations in mixing are largely out of phase with ∂O2/∂t during this period. The diel method
exploits this positive correlation between GPP and the incoming solar radiation, and the method accurately
estimates GPP not because advection and mixing are weak but because they are not correlated with solar
radiation. The primary tidal constituent in Chesapeake Bay is the semidiurnal M2, which moves in and out
of phase with the diurnal solar forcing over the fortnightly cycle. Therefore, to avoid any potential aliasing
due to tidal advection, the method is best applied to intervals of ~15 days. This ensures that there is minimal
correlation between semidiurnal tidal processes and the diurnal solar forcing.
It is important to point out that the empirical formulations for GPP and CR
both rely on expressions that are functions of the surface salinity. This
ensures spatial variability in GPP that is generally consistent with observa-
tions. The formulation for GPP depends much more strongly on light than
on salinity, and tidal variations in salinity contribute essentially no high-
frequency variability to the time series of GPP. The semidiurnal variations
in ∂O2/∂t are driven by horizontal advection but not inﬂuenced in any sig-
niﬁcant way by tidal variations in surface salinity.
At time scales longer than a few days, the time rate of change of oxygen is
not a dominant term in the oxygen evolution equation. At these time
scales, the dominant balance near the ocean surface is between primary
production and the vertical divergence in turbulent oxygen ﬂux
(Figure 9c). In the simplest terms, primary production is acting to create
a proﬁle of oxygen that exponentially decays in the vertical, and vertical
mixing is acting to homogenize this proﬁle. As a result, throughout most
of the surface mixed layer, the vertical ﬂux of oxygen is downward
Table 3
Skill Assessment of the Proposed Diel Method for the Volumetric Rate of GPP and the Parameters of the PE Curve (Pm and α) at the Seven CBIBS Buoy Locations
Location
Surface irradiance (E0) Attenuated irradiance (E)
GPP Pm α GPP Pm α
Skill Bias Skill Bias Skill Bias Skill Bias Skill Bias Skill Bias
Susquehanna 0.60 1.38 0.56 0.80 NA NA 0.63 1.23 0.53 0.82 0.32 1.94
Patapsco 0.92 0.17 0.79 0.43 NA NA 0.93 0.17 0.83 0.40 0.74 0.43
Annapolis 0.94 0.00 0.93 0.27 NA NA 0.94 0.01 0.85 0.36 0.78 0.18
Goose’s Reef 0.99 0.06 0.98 0.19 NA NA 0.99 0.07 0.96 0.25 0.97 0.00
Potomac 0.93 0.04 0.89 0.08 NA NA 0.93 0.05 0.88 0.09 0.80 0.10
Stingray Point 0.97 0.12 0.94 0.10 NA NA 0.97 0.12 0.94 0.06 0.80 0.17
First Landing 0.96 0.08 0.78 0.23 NA NA 0.96 0.08 0.76 0.19 0.78 0.03
Note. The diel estimates were obtained by applying themethod to the time rate of change of oxygen at z ~1m and are compared to the known parameters from
the model. Reported are the Wilmott (1981) skill and the normalized mean bias based on application of the method using the surface irradiance (left-hand col-
umns) and using the local (attenuated) water column irradiance at z ~ 1 m. GPP = gross primary production; PE = photosynthesis-irradiance response;
CBIBS = Chesapeake Bay Interpretive Buoy System; NA = not applicable.
Table 4
Skill Assessment of the Proposed Diel Method for the Vertically Integrated Rate
of GPP Derived Using the Observed Vertical Distribution of Light and the PE
Curve Parameters Estimated Using the Diel Method at z ~ 1 m at the
Seven CBIBS Buoy Locations
Location Skill Bias
Susquehanna 0.97 0.16
Patapsco 0.97 0.04
Annapolis 0.95 0.03
Goose’s Reef 0.99 0.08
Potomac 0.94 0.04
Stingray Point 0.97 0.11
First Landing 0.96 0.08
Note. GPP = gross primary production; PE = photosynthesis-irradiance
response; CBIBS = Chesapeake Bay Interpretive Buoy System.
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(Figure 10a). The exception is the region immediately adjacent to the sea surface, where supersaturated
conditions lead to an outward air-sea gas ﬂux. The surface ﬂux and the ﬂux at z ~ 1 m often have the
opposite sign, and this strong divergence in vertical ﬂux is the dominant term that balances primary
production in this near-surface region (Figure 10b).
A primary reason the proposed method works is the lack of correlation between mixing and advection and
the diurnal solar forcing. Another way of stating this is that the sum of advection, mixing, and CR during the
nighttime hours (ΔbO2) must be representative of their contribution during daylight hours (ΔO2). If any of these
terms contribute signiﬁcantly to diurnal changes in ∂O2/∂t, the estimates from the diel method will be biased.
Figure 6. Comparison of (a) the annually averaged volumetric rate of GPP imposed in the numerical model at z ~1 m with (b) the diel estimate based on the time
rate of change of oxygen at z ~ 1.0 m and (c) the difference (method minus model). CR has similar spatial distribution and the NEM in the model is set to zero.
GPP = gross primary production; CR = community respiration; NEM = net ecosystem metabolism.
Table 5
Skill Assessment of the Proposed Diel Method Applied at z ~ 1 m for All Locations Within the Model Domain
GPP Pm α Integrated GPP
Skill
Mean
bias
Skill
Median
bias
Skill
Median
bias
Skill
Median
biasSpace Time Space Time Space Time Space Time
0.81 0.92 0.06 0.64 0.84 0.25 0.55 0.77 0.03 0.85 0.89 0.09
Note. The Wilmott skill is reported for spatial variations (calculated from the annually averaged values at all model locations) and temporal variations (mean of skill
based on temporal variations at each location). The median normalized bias also is reported (averaged in both time and space for the entire domain). Assessment
is reported for volumetric rate of GPP, PE curve parameters, and the vertically-integrated GPP. GPP = gross primary production; PE = photosynthesis-irradiance
response.
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While the diurnal variability in the mixing term is relatively small at z ~ 1 m, this is not true throughout the
surface mixed layer. Closer to the surface, there is a divergence in turbulent oxygen ﬂux at diurnal time scales
driven by the outward surface ﬂux and the strong downward ﬂux near the surface (Figure 11a). This diurnal
contribution due to divergent turbulent ﬂux acts to reduce the diurnal variability in ∂O2/∂t close to the sur-
face. Deeper in the surface mixed layer, there is a convergence in turbulent oxygen ﬂux driven by the down-
ward ﬂux from the overlying water column and the zero-ﬂux condition at the base of the surface mixed layer,
Figure 7. (a) Comparison of the annually averaged volumetric rate of GPP from the numerical model averaged as a func-
tion of the along-Bay location (black line) with a similar average from the diel estimate based on the time rate of change of
oxygen at z ~ 1.0 m (gray line). (b) Comparison of the annually averaged vertically integrated rate of GPP from the
numerical model averaged as a function of the along-Bay location (black line) with a similar average from the diel estimate
using the PE curve estimated at a depth of z ~ 1.0 m (gray line). (c) Comparison of the annually averaged depth of the
photic zone (black line) and surface mixed-layer depth (gray line) averaged as a function of the along-Bay location. The
mixed-layer depth is calculated from the depth where the turbulent diffusivity becomes equivalent to the background
diffusivity speciﬁed in the model. GPP = gross primary production; PE = photosynthesis-irradiance response.
Figure 8. Comparison of the value of (a) Pm and (b) α used in the numerical model with the estimated values from the diel
method from a depth of z ~ 1 m for all locations within the Bay where salinity is greater than 5. All values are annual
averages. Black line is 1:1 in both panels. There is high bias in the estimates of α for all locations where salinity is lower than
5 as discussed in the text, and these data are not shown here.
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which acts to enhance the diurnal variations in ∂O2/∂t (Figure 11c). This diurnal variability induced by turbu-
lent mixing will result in signiﬁcant errors for open-water techniques such as the Fourier method proposed by
Cox et al. (2015), which employs a frequency-based approach that assumes that all of the diurnal variability is
due to GPP.
The vertical structure and diurnal variations of the ﬂux divergence results in an underprediction of GPP when
the method is applied very close to the surface and an overprediction near the base of the euphotic zone
(Figure 12a). The ideal vertical location will coincide with the location where the local value of GPP equals
the average value over the surface mixed layer. For light-limited conditions (E< Ek) where the model predicts
an exponential proﬁle of GPP, this location will be set by the vertical light attenuation and will occur where
z ~ 1.54/Kd. If the surface mixed-layer depth is shallower than the euphotic depth, this location is closer to
the surface, and when the surface mixed-layer depth is deeper than the euphotic zone, this location
is deeper.
More generally, errors in the method associated with vertical mixing will be minimized when the surface
mixed-layer depth is much shallower than the euphotic depth. Under these conditions, vertical mixing is act-
ing on a smaller range of the vertical gradient in GPP, which effectively reduces the magnitude of the error
associated with mixing within the surface mixed layer. Conversely, when the surface mixed-layer depth is
equal to or deeper than the euphotic zone, vertical mixing will act over the entire vertical gradient in GPP
and the magnitude of the errors associated with mixing will be enhanced. Under these conditions, the
magnitude of the error is enhanced, but the sign of the error is determined by the vertical location, with
underprediction closer to the surface and overprediction near the base of the surface mixed layer.
Figure 9. Evaluation of the oxygen budget at z ~ 1 m from the model location that corresponds with the Goose’s Reef
buoy (a) averaged as a function of the M2 tidal phase during 10–25 July 2013; (b) averaged as a function of the hour of
the day during 10–25 July 2013; and (c) for the entire year after smoothing with a 15-day boxcar ﬁlter. In all plots the sum of
GPP and CR are plotted as circles, the vertical ﬂux divergence as squares, the advective terms with a thick black line,
and the time rate of change of oxygen with a thick gray line. In Figure 9a the tidal stage is indicated as ﬂood (F), ebb (E), or
slack (S) based on the M2 tidal velocity. GPP = gross primary production; CR = community respiration.
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The region of greatest bias in the diel estimates of GPP is in the low-salinity regions of the upper Bay near the
location of the Susquehanna buoy (Figures 6 and 7). This is a region where the surface mixed layer is deeper
than the euphotic zone on average (Figure 7c). This generally increases the magnitude of the error in this
region. The combination of shallower water, reduced stratiﬁcation, and higher suspended sediment increases
both Kd and zmix in the estuarine turbidity maximum region. The evaluation of the method was performed at
z ~ 1 m, which is deeper than the ideal vertical location for the upper Bay region where Kd > 1.54. This
results in an overprediction of GPP because diurnal variations in the ﬂux divergence term are positively cor-
related with the diurnal variations in light at this depth. While the fact that the estimates are high in this
region is caused by the vertical position, the increased magnitude of error is related to the fact that the sur-
face mixed layer is deeper than the euphotic zone.
The errors associated with vertical mixing are enhanced when there is a strong vertical gradient in GPP, such
as the assumed exponential proﬁle under light-limited conditions that is employed in the model. The overall
error would be diminished considerably if GPP had less vertical variability. For instance, if GPP was constant in
the vertical over the entire euphotic depth, the errors associated with vertical position would be greatly
diminished. Similarly, light-saturated conditions (E> Ek) will result in near-surface values of GPP that are more
uniform in the vertical. This reduces the tendency of GPP to create vertical gradients in oxygen, and the cor-
responding divergence in the vertical ﬂux also would be signiﬁcantly reduced. Thus, the bias due to mixing is
less under light-saturated conditions and errors associated with vertical position within the surface mixed
layer are diminished.
Figure 10. Vertical proﬁles from the model location that corresponds with the Goose’s Reef buoy location including the
following: (a) the vertical oxygen ﬂux; (b) the terms in the oxygen budget; (c) oxygen concentration; and (d) eddy
diffusivity. All values have been averaged over the month of July, and in all panels the horizontal dashed lines represent the
sea surface and the base of the surface mixed layer inferred from the eddy diffusivity. In Figure 10b the sum of GPP
and CR are plotted as circles, the vertical ﬂux divergence as squares, the advective terms as a black line, and the time rate of
change of oxygen as a gray line. Note the strong ﬂux divergence near the surface caused by the outward surface ﬂux
and strong downward ﬂux at z ~ 1 m. GPP = gross primary production; CR = community respiration.
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There are a number of reasons why natural proﬁles of GPP are likely to be
more uniform in the vertical than the formulation used in the model. The
model used here does not realistically account for how turbulent mixing
effects the light phytoplankton experience. The simple formulation of
the PE curve in the model does not account for photoinhibition, photoa-
daptation, or vertical variations in α and Pm, all of which have been demon-
strated in ﬁeld observations (Behrenfeld et al., 2004; MacIntyre et al., 2002).
Turbulent mixing fundamentally controls the light experienced by indivi-
dual phytoplankton and photoadaptation occurs at a variety of time
scales. Under weak turbulent mixing, even relatively slow adapting para-
meters such as Pm are expected to develop vertical gradients within the
surface mixed layer (e.g., Lewis et al., 1984). Values of Ek often are observed
to decrease with depth (Behrenfeld et al., 2004), and this vertical variation
in the PE curve would act to reduce the vertical gradient in GPP. Falkowski
and Wirick (1981) used a random walk model to account for the interac-
tions between turbulent mixing and photoadaptation to suggest that
while vertical mixing does signiﬁcantly alter the depth-integrated rate of
GPP, it can effectively reduce the vertical gradient in GPP when photoa-
daptation occurs. Similarly, photoinhibition near the surface also would
act to reduce the vertical gradient in GPP.
Regardless of the mechanism, a more realistic representation of the inter-
actions between vertical mixing and phytoplankton photophysiology is
likely to reduce the vertical gradients in GPP compared to the assumed
exponential proﬁle used in the model. Therefore, the static representation
of GPP used in the model most likely represents an upper limit on the
errors caused by vertical mixing on diel variations in oxygen. One conse-
quence of the strong vertical gradient in GPP is an overall reduction in
the diurnal variability in the time rate of change of oxygen near the surface
(e.g., Figure 11a). As noted in Scully (2018), the correlations between the
NARR model of incoming solar radiation and the ﬁeld observations of
∂O2/∂t at the CBIBS buoys are higher than for the same analysis performed
on the model output at these locations. This higher correlation occurs in
spite of the fact that the NARR radiation is used to force GPP in the model
and is only an estimate for the surface radiation incident at the buoy loca-
tions. This greater correlation with the CBIBS observations as compared to
the model could be caused by a number of deﬁciencies in the underlying
model but is consistent with reduced correlation in the model driven by
vertical mixing near the surface.
The inﬂuence of mixing on diel variations of oxygen has long been recog-
nized, and methods have been proposed to “correct” the observed time
rate of change of oxygen by assuming that the contribution of the ﬂux
divergence can be estimated as Fsurf/zmix (Cole et al., 2000; Coloso et al., 2008; Cox et al., 2015; Van de
Bogert et al., 2007). This correction is based on the fact that that there is no vertical ﬂux through the base
of the surface mixed layer (z = zmix), and the average ﬂux divergence over this region is equal to Fsurf/zmix.
In order for this approach to be valid for measurements of oxygen at a ﬁxed vertical location, the oxygen con-
centration must have no vertical variation throughout the surface mixed layer. Only when this is true will the
time rate of change of oxygen at a ﬁxed vertical position accurately represent the average rate over the sur-
face mixed layer. In addition, both Fsurf and zmix must be accurately known—two quantities that are notor-
iously difﬁcult to directly measure. If these conditions are satisﬁed and there is no horizontal or vertical
advection, then the surface “correction” can be applied so that the mean rate of GPP averaged over the sur-
face mixed layer can be calculated. However, only in a vertically integrated sense does Fsurf/zmix accurately
represent the average ﬂux divergence in the surface mixed layer. As seen in Figure 10b, the ﬂux
Figure 11. Terms in the oxygen budget from (a) z ~0.15 m, (b) z ~1.2 m,
and (c) z ~ 2.5 m from the model location that corresponds with the
Goose’s Reef buoy location. The data are averaged as a function of the hour
of the day over the entire year. The sum of GPP and CR are plotted as circles,
the vertical ﬂux divergence as squares, the advective terms as a black line,
and the time rate of change of oxygen as a gray line. The ﬂux divergence
term is out of phase with the GPP + CR and the time rate of change at
z ~ 0.15 m and in phase at z ~ 2.5 m. GPP = gross primary production;
CR = community respiration.
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Figure 12. Vertical proﬁles of (a) GPP, (b) Pm, and (c) α from the model location that corresponds to the Goose’s Reef buoy plot as a function of optical depth. The
“real” values imposed in the model are plotted as the black circles, and the estimates from the diel method are plotted as the gray squares. Near the surface, Pm is
consistently underpredicted, and the bias in α shows a strong vertical dependence with minimal bias at z/zeu ~ 0.2. GPP = gross primary production.
Figure 13. Vertical proﬁles of GPP from the numerical model (black circles), diel estimates based on the time rate of change
of oxygen from the model (gray squares), and diel estimates based on the time rate of change of oxygen from the model
that have been “corrected” using the local vertical turbulent ﬂux divergence (red asterisks) for six CBIBS locations. The
proﬁles are plotted as a function of optical depth, and the horizontal dashed line represents the location where z ~ 1 m.
Correcting the time rate of change using the turbulent ﬂux divergence reduces nearly all of the bias observed immediately
below the sea surface. GPP = gross primary production; CBIBS = Chesapeake Bay Interpretive Buoy System.
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divergence changes sign from the top to bottom of the surface mixed layer, and Fsurf/zmix is a very poor repre-
sentation of the local ﬂux divergence at any point within this region. Furthermore, it is overly simplistic to
assume that the depth of the surface mixed layer can be accurately estimated from regions of vertically uni-
form oxygen, temperature, or salinity distribution, as is typically done (e.g., Cole et al., 2000). Advective pro-
cess, and biological production in the case of oxygen, can result in appreciable vertical gradients within the
surface mixed layer (Figure 10c). This not only invalidates the assumption of uniform concentration through-
out the surface mixed layer but also will result in signiﬁcant errors in the estimate of zmix. As a result, applica-
tion of the surface ﬂux “correction” is not appropriate for the estuarine conditions simulated in this model and
may not be valid more generally when GPP varies signiﬁcantly in the vertical.
A much more robust alternative to the surface ﬂux correction is direct measurements of the local ﬂux diver-
gence. Recent advances using fast-response oxygen optodes have demonstrated the ability to successfully
measure turbulent oxygen ﬂuxes near the ocean surface (e.g., Long & Nicholson, 2017). Given the large ﬂuxes
and strong vertical gradients in ﬂux that are expected (Figure 10a), such techniques could potentially mea-
sure the ﬂux divergence with suitable accuracy to more effectively correct the observed time rate of change
of oxygen for the inﬂuence of mixing. To illustrate this, the propose method is applied to the time rate of
change of oxygen from the model after removing the contribution of the local ﬂux divergence. This correc-
tion signiﬁcantly reduces the bias associated with the vertical position near the sea surface (Figure 13).
While the analysis above demonstrates that themethod can reasonably estimate the rate of GPP, the method
is not accurate enough to provide an estimate of CR. In the simulations presented above, the divergence in
vertical ﬂux is the dominant contributor toΔbO2 and separating the contribution of CR is not possible with the
proposed method. Even if the ﬂux divergence were accurately known, the contributions of horizontal and
vertical advection are still not insigniﬁcant compared to the relatively small difference between GPP and
CR. Thus, estimating NEM in an estuarine environment like Chesapeake Bay using diel techniques is unlikely
to yield accurate results. While the inﬂuence of horizontal advection is signiﬁcantly reduced in lake environ-
ments, the issues associated with vertical mixing and uncertainties in the application of the surface ﬂux cor-
rection are likely to introduce signiﬁcant environments in these environments as well.
6. Conclusions
In this paper, a relatively simple diel method to estimate GPP and the underlying PE curve parameters is pre-
sented and tested against a numerical circulation model with a realistic representation of biological oxygen
dynamics. The method relies on the statistical relationship between the time rate of change of near-surface
oxygen concentration and incoming solar radiation. Evaluation of the method applied at a depth of z ~1 m
demonstrates that GPP can be estimated with signiﬁcant skill even when in situ observations of PAR are not
available. In order to avoid potential biases due to advection, the method is best applied over a 15-day period
in order to minimize the correlation between semidiurnal (tidal) and diurnal (solar) processes. The primary
source of bias comes from diurnal contributions from the divergence in vertical oxygen ﬂux, which are mini-
mized at some optimal location within the euphotic zone. Above this location, estimates of GPP are under-
predicted, and below this location, estimates are overpredicted, largely due to the contributions of vertical
mixing. Errors are enhanced when GPP varies strongly in the vertical and for conditions when the surface
mixed layer is deeper than the euphotic depth. Proposed methods that “correct” the time rate of change
of oxygen using estimates of the ﬂux divergence based on the atmospheric gas ﬂux are unlikely to be effec-
tive for measurements collected at a ﬁxed vertical location given the structure of the ﬂux divergence near the
surface. The proposed method shows signiﬁcant promise for estimating GPP at a variety of time scales using
oxygen data that are routinely collected through ocean observing systems.
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